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Abstract: Balanced distribution of the energy load of the sensors is important for the elongation of wireless sensor
network (WSN) lifetimes. There are four main WSN design issues aﬀecting the energy distribution among the sensors:
sensor locations, sensor activity schedules, mobile sink routes, and data flow routes. Many studies try to make energy
usage more eﬃcient through optimal determination of these design issues. However, only very few studies handle these
four design issues in a combined manner. Additionally, the cost of the sinks is neglected in all studies. In this study,
a mixed integer linear program is first proposed, in which the cost of the sinks is taken into consideration in terms of
lifetime hours and the four design issues are integrated. Next, a heuristic solution procedure for the solution of large
network instances is oﬀered and the eﬃciency of the heuristic is proven by comparing its performance with that of
commercial solvers in extensive numerical instances.
Key words: Wireless sensor networks, mixed integer linear program, sink costs

1. Introduction
Wireless sensor networks (WSNs) consist of many small, electronic, multifunctional devices that are deployed
over a region of interest, called the sensor field. A sensor senses the environment within its sensing range and
the collected data are transferred to gateway nodes called the sink, either directly or through other sensors.
Transmission is possible only if the receiver sensor or the sink lies in the communication range of the transmitting
sensor. Sensors collectively function to produce a distributed environment, which enables monitoring of remote
or hostile environments. This is the main reason for the wide applicability of WSNs [1]. Sensors can be in
active or standby modes. A sensor in the active mode senses its environment, receives data from neighboring
sensors, and transmits the data to its neighboring sensors or directly to the sink if the sink is nearby. On the
other hand, a sensor in the standby mode consumes negligible energy.
There are four main WSN design issues: 1) sensor locations, 2) sensor activity schedules, 3) sink locations
or routes, and 4) data flow routes. Sensor locations should be determined so that the coverage demands of the
sensor field are satisfied. This problem is named the coverage problem (CP). It should be noted that the sensor
deployment issue can be a decision subject only if the terrain that the WSN will be deployed on is under
full control. In many applications, precise location determination would be very costly or simply impossible.
For instance, sensor locations should be arbitrarily determined for a WSN deployed on the ocean floor for
monitoring seismic activity. Similarly, one may not have the luxury of precise sensor placement for military
WSN applications deployed in hostile environments. On the other hand, it is possible to determine candidate
sensor locations for a WSN application designed for a large greenhouse for monitoring the conditions of the
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planted vegetables. In WSN design studies, coverage demands of the sensor field are generally characterized
by forming a set of discrete coverage points and appointing coverage demands to these points. Since some
regions of the field can be more or less important, demands of the coverage points can be diﬀerent, implying a
heterogeneous CP. Determination of the activity schedules is known as the activity scheduling problem (ASP).
Sensors having low residual energies can be put into standby mode; at the same time, some of the sensors that
are in standby mode can be made active. However, the number and distribution of the active sensors in any
period of the lifetime should be able to meet the coverage requirements. The third WSN design issue is the sink
placement problem (SPP). Sink locations significantly aﬀect sensor energy loads. Sensors near the sinks, called
relay sensors, spend more energy than the rest of the sensors, since all the data produced by the network flow
through relay sensors. Therefore, relay sensor batteries deplete faster, which leads to the isolation of the sinks
from the rest of the network. This phenomenon is called “the crowded center eﬀect” in [2], “the energy hole
problem” in [3,4], and “the sink neighborhood problem” in [5]. Changing the set of relay sensors by controlled
sink mobility is oﬀered as a remedy for this problem. SPP is called the sink routing problem (SRP) when
the sinks are mobile. The fourth design issue is related to data routes. Energy is mostly spent during data
transmissions in WSNs. Hence, data routes should be carefully selected. This problem is known as the data
routing problem (DRP). Another design issue that can be considered along with the above mentioned issues
is sink cost. As far as we know, only the number of the sinks is considered as a parameter in all the studies
in the literature. There is no study that concentrates on finding the number of sinks that leads to maximum
lifetime and, at the same time, costs as little as possible. In this study, sink costs are taken into consideration
by making use of a parameter representing the cost of a sink in terms of lifetime hour.
It should be emphasized that WSN design studies aﬀect each other, implying that they should be handled
together. However, most of the studies from the literature concentrate on only a single design issue or a subset
of four design issues. For instance, only the CP is studied in [6]. Similarly, when [5,7–9] try to solve the SRP,
it is assumed that sensor locations and activity schedules of the sensors are given, and that data flow through
shortest paths. There are many studies that combine SRP and DRP. One of the earliest of these studies is
[10], in which two models are presented wherein total used energy and the maximum energy are minimized.
The same problem is handled in [11], but the diﬀerence between the maximum and minimum energy usages
is minimized. The framework of [12] is also similar, but it maximizes minimum residual energy. The same
framework is borrowed in [13] but the perspective is extended so that multiple time periods are integrated. In
contrast, [14] directly maximizes the lifetime under energy usage and flow balance constraints; [15] analyzes
the model of [14] but oﬀers a distributed solution strategy depending on Lagrangian relaxation. Similarly, [16]
extends the same model for delay-tolerant applications. In addition, [17] and [18] come up with distributed
solution strategies for the delay-tolerant model of [16]. In addition to these, [19] extends the model of [14] by
integrating the multiple static sink placement problem. Finally, [20] develops a model including multiple mobile
sinks. Studies combining more than two design issues are rare. One of them is [21], which develops [14] by also
integrating the CP. ASP is combined on top of the model of [21] in studies [22–24]. A disjoint set heuristic is
oﬀered in [22], while in [23] a heuristic based on Lagrangian relaxation is developed. The solution method of
[24] depends on column generation. Alternatively, the models in [25] are improved in [22–24] by making the
sinks mobile. In [26], design issue integration’s eﬀect on network lifetime is analyzed via an empirical approach.
Finally, [27] a column generation algorithm is provided for a mathematical model in which the WSN design
issues are integrated, while [28] oﬀers a convex optimization problem for determining optimal topology for
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network-based WSNs. In this study, CP, ASP, SRP, and DRP are integrated in a mixed integer linear program
(MILP). The sink costs are represented in terms of network lifetime hours in the objective function. In addition,
a heuristic solution strategy to solve large instances is oﬀered.
The rest of the paper is organized as follows. The MILP model integrating CP, ASP, SRP, and DRP
continues in Section 2. Section 3 introduces the heuristic solution strategy and the numerical results of the
heuristic and the commercial solver Gurobi are given in Section 4. Finally, the paper is summarized and future
research directions are proposed in Section 5.
2. MILP
For better visualization of the problem, a sample instance with 30 candidate sensor locations and 15 candidate
sink visit points is given in Figure 1. It is assumed that there are two periods, and the locations of the sensors,
sinks, and data routes are represented by arrows in both periods. There are sensors that are in active mode
in both periods, while some of them are in standby mode in one period and active in the other. Sensing and
communication ranges of the sensors are taken as one for the instance, implying that each of the coverage
requirements (which are taken as two) are met, since there are at least two sensors capable of sensing each point
in both periods. Another assumption that can be made is that some sensors are able to send their data to a
sink directly, while some others send their data through other sensors.

Figure 1. A sensor network with sensors, mobile sinks, and data flows.

The coverage requirements of the sensor field are represented by a set of points called K . Candidate
sensor and sink locations are represented by sets S and L, respectively. A set of sinks is named N , the set of
sensor types is given by R , and the set of periods is named T . A sensor of type r ∈ R located at point i ∈ S
is referred as sensor (i, r) in the sequel. The set of candidate sink and sensor locations in the transmission
range of sensor (i, r) are denoted by Sir and Nir , respectively, while the set of coverage points in the sensing
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range of sensor (i, r)is represented by Kir . Parameters are defined depending mostly on the above described
sets. For instance, dk stands for the requirement of point k ∈ K, while er and hr , respectively, represent
the initial battery energy and unit data generation rate of a sensor of type r . Similarly, cr and cs represent
the energy segments used for receiving a unit bit of data, and sensing and processing a unit bit of data per
unit time, respectively. Additionally, ctij represents the energy spent transmitting a unit bit of data between a
sensor located at point i and a sensor or sink located at point j . bir is the cost of locating sensor (i, r) and B
is the total budget allocated for sensor deployment. There are also big M parameters denoting large numbers.
Finally, β represents the cost of a sink in terms of lifetime hours. There are eight sets of decision variables in
the formulation. wt stands for the length of period t. xirjst represents the data transferred from sensor (i, r)
to sensor (j, s) in period t while yirlt is the amount of data transmitted from sensor (i, r) to the sink located at
sink visit point l in period t . Note that data routing decisions are incorporated into the formulation with the
xirjst and yirlt decision variables. Additionally, airt is equal to the amount of time the sensor (i, r) is active
in period t, pir indicates whether or not sensor (i, r)is located, and qirt shows whether or not sensor (i, r)is
active in period t. Sensor deployment decisions and sensor activity schedules are incorporated into the model
by decision variables pir and qirt , respectively. zlt is equal to 1 if there is a sink at visit point l in period t ,
and zero otherwise. Sink movement decisions are incorporated into the model with the decision variable zlt .
Finally, θn indicates whether or not sink n is used. The MILP model integrating CP, ASP, SRP, and DRP
(called CASD) is given as:
∑
∑
max
wt − β
θn
(1)
t∈T

subject to:

∑ ∑

xjsirt + hr airt =

s∈R j:i∈Sjs

∑
t∈T


cs airt + cr

∑

n∈N

yirlt +

∑

xjsirt +

s∈R j:i∈Sjs

ctil y irlt +

i ∈ Sr ∈ Rt ∈ T

(2)

∑ ∑


ctij xirjst  ≤ er

i ∈ Sr ∈ R

(3)

s∈R j:i∈Sjs

l∈Lir

∑ ∑

xirjst

s∈R j:i∈Sjs

l∈Lir

∑ ∑

∑ ∑

yirlt ≤ M zlt

l ∈ Lt ∈ T

(4)

r∈R i:l∈Lir

∑

zlt =

∑

θn

t∈T

(5)

n∈N

l∈L

∑ ∑

qirt ≥ dk

k ∈ Kt ∈ T

(6)

r∈R i:k∈Kir

∑∑

bir pir ≤ B

(7)

i ∈ Sr ∈ Rt ∈ T

(8)

i∈S r∈R

qirt ≤ pir
∑ ∑

xirjst ≤ M qirt

i ∈ Sr ∈ Rt ∈ T

(9)

s∈R j∈Sir
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∑ ∑

xjsirt ≤ M qirt

i ∈ Sr ∈ Rt ∈ T

(10)

s∈R j:i∈Sjs

airt ≤ wt
airt ≤ M q irt

i ∈ Sr ∈ Rt ∈ T
i ∈ Sr ∈ Rt ∈ T

airt ≥ wt − M (1 − q irt )

i ∈ Sr ∈ Rt ∈ T

(11)
(12)
(13)

wt xirjst , yirlt , airt ≥ 0

(14)

pir qirt , zlt , θn ∈ {0, 1}

(15)

Lifetime is defined as the summation of the period lengths and it is maximized in the objective function. It
is assumed that each of the sinks used has a cost corresponding to β lifetime hours, and so the number of
used sinks is multiplied by β and subtracted from the lifetime. In constraint (1), the total incoming data to
sensor (i, r) is summed up with the data generated by sensor (i, r) and equated to the total outgoing data
from sensor (i, r) for each period. In constraint (2), the energy used by sensor (i, r) for sensing and processing
data, for receiving energy from neighboring sensors, and for transmitting data to neighboring sensors and sinks
are summed up over periods and forced to be less than or equal to the initial battery energy. Constraint (3)
prevents a sensor from sending data to a sink visit point if there is no sink located there. Constraint (4) ensures
that the number of located sinks is equal to the number of selected sinks in each period. Constraint (5) makes
sure that the number of active sensors that are close enough to sense each coverage point is equal to its coverage
demand. Constraint (6) limits the total sensor deployment cost by on-hand budget. Constraint (7) switches
undeployed sensor activity to standby throughout the lifetime. Constraints (8) and (9) equate the total outgoing
data and total incoming data, respectively, to zero if the sensor is not active. Constraints (11–13) are technical
constraints defining the airt variable. Namely, airt variable is equal to the amount of time that sensor (i, r) is
active in period t, i.e. airt = qirt wt . If sensor (i, r)is active in period t , namely qirt = 1 , airt is equated to
wt with constraints (10) and (12). Similarly, if sensor (i, r) is in standby mode in period t, namely qirt = 0 ,
airt is equal to zero with the help of constraint (11) and the nonnegativity restriction (13). Finally, constraints
(13) and (14) are nonnegativity restrictions on continuous variables of the model and binary restrictions on the
rest of the variables, respectively.
3. Solution method
General MILP problems belong to the NP-hard problem class, and the present problem formulated as CASD
is no exception. If sensors are kept in active mode throughout their lifetime, if sinks are static and placed at
predetermined locations, and if the data are routed according to the shortest path routing protocol, the problem
reduces to a form of a set-covering problem in which sensor locations satisfying the coverage requirements of
the field are sought. Therefore, it can be said the problem is an extremely diﬃcult one, since the set-covering
problem, which is a very simplified version of this problem, is NP-complete. As a consequence, there is almost
no hope for finding a solution method that solves CASD instances in polynomial time. However, as seen in
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the numerical results section, the proposed solution method is able to find very good networks in a tolerable
amount of computation time for instances with realistic sizes.
From the discussion above, it can be understood that it is impossible to obtain exact solutions of CASD
formulation, even for small and/or moderate-sized instances, due to the high number of binary variables. This
observation suggests decreasing the number of binary variables by setting the values of selected binary variables
a priori before solving the model from scratch. All the variables except one (pir binary variable) have t indices.
Therefore, a reduction in the number of periods has the potential to reduce the number of variables. If the
number of periods is set to a small integer like 1 or 2, then the solution of the formulation becomes much
easier, but the solution quality worsens. On the other hand, assigning a large number to the number of periods
makes the solution of the formulation diﬃcult. This observation suggests starting the number of periods from
a low number to easily solve and obtain a solution probably having a low quality, and increasing the number
of periods one-by-one to obtain solutions having better quality. The number of sinks can also be limited and
increased one by one in a similar manner. This solution strategy is called the period sink shift heuristic (PSSH).
If the number of periods is limited to F , only the variables belonging to the period F or the earlier periods
(wt , zlt , qirt , xirjst , yirlt , and airt for t ≤ F ) are allowed to take nonzero values, while variables belonging to
later periods ( wt , zlt , qirt , xirjst , yirlt , and airt for t > F ) are set to 0. After contracting the values of the
variables in that manner, the commercial solver Gurobi can be run for a limited time. It is expected that the
solver is capable of producing optimal or near-optimal solutions, as the size of the remaining problem after
setting the variable values is relatively small. After finding a feasible solution for a value of F , the number
of sinks can be increased by one and the solver can be rerun. The procedure can be repeated until no more
improvement in the objective function is observed after an increase in the allowable number of sinks. After
the convergence, the number of periods can be increased by one and the procedure can be repeated for the
number of periods at the outer loop this time. Increasing the allowable number of sinks or number of periods
provides a more flexible optimization framework to the commercial solver by letting it determine the values of
a larger number of variables. Therefore, an increase in the network lifetime is expected as a response to the
increase in the number of sinks or periods. However, the size of the model also increases with the number of
sinks and periods, meaning that finding high-quality solutions will be more diﬃcult. Fortunately, the solution
of the restricted model where the number of periods is F + 1 can be accelerated by making use of the solution
of the restricted model with F number of periods. The algorithm terminates when the outer loop converges to
a network lifetime. Pseudocode of the PSSH algorithm is given below.
A flowchart of PSSH is provided in Figure 2 in order to have a clearer understanding of the algorithm.
PSSH is a simple and practical method that is able to produce networks with long lifetimes, as pointed
out in the next section.
4. Numerical results
In this section, the selection process of parameter values of CASD formulation is explained. Then the success
of PSSH is indicated by comparing the networks found by PSSH and the commercial solver Gurobi on a large
set of numerical instances.
4.1. Generation of test problem instances
Three diﬀerent instances were randomly generated for each of the six sets of sensor location candidates (40, 60,
80, 100, 150, and 200 locations). It was assumed that the sensor field possessed a grid-like structure in which
all horizontal and vertical distances were set to 15 m. Size of the grid was chosen so that the shape was as
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PSSH:
Initialization:

Set F = 1, let allowable number of sinks P = 1, DIFF1 = 100, initiate ε1 , ε2 as small
positive precision values, set the first objective function value λ0 = 0
While (DIFF1 > ε1 )
Set DIFF2 = 100, βP = λF −,1
While (DIFF2 > ε2 )
Solve CASD formulation for F and P values for a limited time by making use
of the last solved restricted model solution
Let βP +1 be the objective function value of the restricted model, let
DIFF2 = βP +1 − βP , let P = P + 1
End While
Set λF + 1 = βP , let DIFF1 = λF + 1 − λF and F = F + 1
End While
Report λF and the related variables
close as possible to square. For instance, the size of the grids corresponding to 40 and 100 candidate sensor
locations were, respectively, 5 × 8 and 10 × 10. This grid is referred to as the sensor grid in the sequel. It
was also assumed that candidate sink locations also possessed a grid structure (the sink grid), which was nested
within the sensor grid. The number of candidate sink locations was assumed to be equal to the half of the
number of candidate sensor locations. The four corner points of the sink grid were selected as the center points
of the four outermost square cells of the sensor grid. As a result of this selection mechanism, the horizontal and
vertical distances between two neighboring candidate sink locations were equal to 15×(n1 − 2)/(m1 − 1) and 15
×(n2 − 2)/(m2 − 1) , respectively, where the sensor grid is of size n1 × n2 and the sink grid is of size m1 × m2 .
It was assumed that there are two types of sensors having, respectively, 15 and 22 m sensing ranges and
50 and 80 m communicating ranges. Battery energies of the sensors were selected as e1 = 100 J and e2 =
200 J, respectively. Note that these energy values are generic and were chosen randomly solely for showing the
eﬀectiveness of the PSSH. Any real WSN designer may easily run PSSH with the actual battery energies of the
sensors of their application. Both of the sensor types were assumed to produce the same amount of data per
unit of time, hr = 4096 bits per h. Deployment cost of sensors of type 1 was distributed uniformly between 1
and 10., i.e. fi1 ∼ D(1,10) for i ∈ S , while deployment of the second type sensors is more expensive and the
extra cost of deploying a type 2 sensor was distributed uniformly between 0 and 5, i.e. fi2 = fi1 + D(0,5) for
i ∈ S . The sensor deployment budget is the weighed sum of all sensor deployment costs and all the weights
∑
0.5 × (fi1 +fi2 ). Moreover, it was assumed that the set of coverage
were selected as 0.5, implying that B=
i∈S

points and the set of candidate sensor locations coincided. The requirements of the coverage points were selected
randomly as 1 or 2.
Finally, it was assumed that both types of sensors shared the same energy usage characteristics. Energy
spent for transmission is a function of a constant and the square of the transmission distance. In other words,
if dij is the distance between candidate sensor locations i and j , the energy spent by a sensor located at i to
transmit a bit of data to a sensor located at j is given by ctij =δ1 +δ2 d2ij , where δ1 and δ2 are taken as 50 µ J
per bit and 100 n J per bit × m 2 , respectively. Energy spent by the receiver sensor per bit of data is taken as
cr = 50 µ J per bit, while energy spent for sensing per unit bit of data per unit time is taken as cs = 50 n J.
For determination of parameter values, [29] and [22] were used.
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Figure 2. Flowchart of PSSH.

4.2. Performance of PSSH
In this section, the network lifetimes produced by PSSH and the state-of-the-art commercial MILP solver Gurobi
(URL: http://www.gurobi.com) under the above mentioned numerical instances are compared. Note that the
well-known commercial MILP-solver Cplex (URL: http://www-01.ibm.com/software/commerce/optimization/
cplex-optimizer) performed poorly in instances of a formulation provided in [25], which is similar to CASD, while
Gurobi produced decent networks. Hence, Gurobi was used in order to produce better networks. Both methods
were coded and run in C# language in Visual Studio using a single Intel Xeon 5460 core with 28 GB of RAM.
Three hours of computation times were given for each instance for both methods. If Gurobi found the optimal
solution or if the PSSH heuristic converged to a solution in less than 3 h, they immediately reported the best
solution they found and started to work on the next instance. The network lifetimes found by Gurobi and PSSH
are given in the Table. The first column of the table contains the problem size, while columns 2 and 3 include
the network lifetimes found by Gurobi and PSSH, respectively (denoted by zH and ZP SSH , respectively). The
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fourth column includes the percent deviation between the Gurobi and PSSH network lifetimes, calculated using
−zG )
the formula 100 × (zPzSSH
. Finally, columns 5 and 6 include the time spent by Gurobi and PSSH (denoted
P SSH

by TG and TP SSH , respectively).
Table. Network lifetimes found by Gurobi and PSSH.

|S|, |L|
(40, 20)
(40, 20)
(40, 20)
(60, 30)
(60, 30)
(60, 30)
(80, 40)
(80, 40)
(80, 40)
(100, 50)
(100, 50)
(100, 50)
(150, 75)
(150, 75)
(150, 75)
(200, 100)
(200, 100)
(200, 100)

zG
139.61
316.21
129.45
125.11
132.83
119.45
115.08
0.00
114.41
114.25
0.00
121.38
0.00
92.55
0.00
0.00
0.00
0.00

zP SSH
441.93
488.28
418.90
224.24
488.28
282.56
187.11
148.51
176.53
202.58
488.28
225.99
100.97
244.14
40.63
160.08
138.71
77.14

% Deviation
68.41
35.24
69.10
44.21
72.80
57.72
38.50
100.00
35.19
43.60
100.00
46.29
100.00
62.09
100.00
100.00
100.00
100.00

TG
10,800.60
10,800.05
10,800.10
10,800.07
10,800.08
10,801.81
10,800.20
10,800.09
10,800.17
10,800.17
108,00.15
10,800.19
10,800.06
10,800.29
10,800.11
10,800.20
10,800.13
10,800.28

TP SSH
618.52
24.51
348.93
353.45
792.38
1139.05
398.83
132.63
677.15
449.98
2859.34
3924.02
510.69
236.40
354.33
5660.37
3261.20
2055.14

As can be understood from the Table, the network lifetimes found by PSSH are larger than those found
by the commercial solver Gurobi for all instances. Moreover, Gurobi was unable to find a network with positive
lifetime for several instances, while PSSH was able to find positive lifetimes for all of the instances. Finally,
it can be seen by comparing last two columns of the table that Gurobi used 3 h in full for all instances, while
PSSH used at most 2 h for all instances and around 1 h for most of the instances. In order to have a clearer
picture of the relative superiority of PSSH to Gurobi, the average values of the network lifetimes found by
Gurobi and PSSH, the percent deviations between them, and the computation times used by Gurobi and PSSH
are calculated for each set of instances. These values are pictured against the problem size (the number of

Ne twork Life time (Hours)

candidate sensor locations) in Figures 3–5. Finally, the energy characteristics of Gurobi and PSSH are given in
Figures 6 and 7.
500
450
400
350
300
250
200
150
100
50
0
40

60

80
100
150
Candidate Sensor Locations
Gurobi
PSSH

200

Figure 3. Gurobi and PSSH: Network lifetimes.
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KESKİN/Turk J Elec Eng & Comp Sci

As seen in Figure 3, PSSH performed better than Gurobi in all instances, implying that PSSH is a more
reliable solution method for CASD formulation than Gurobi. One may also infer from Figure 3 that network
lifetimes found by both PSSH and Gurobi decrease as the size of the problem size increases. This decrease in
the network lifetime is an expected result, since obtaining feasible solutions becomes more diﬃcult for both
methods as the problem size gets larger. Moreover, increasing the network size will probably increase the
number of sensors having relatively critical levels of energy as well, and in such a case it would be diﬃcult to
help all the critical sensors with the limited number of sinks present at hand.
Percent deviations between PSSH and Gurobi results depicted in Figure 4 also confirm the conclusions
drawn from Figure 3. All the percent deviations are above zero, implying that the lifetimes found by PSSH are
larger than those found by Gurobi. The relative superiority of PSSH to Gurobi becomes clearer as the problem
size increases.
Average computation times for the test instances are given in Figure 5. Gurobi used the entire 3 h for all
instances, while PSSH used only 1 h for most of the instances. Computation time of PSSH exceeded 1 h and
reached around 1.5 h only for test instances with 200 candidate sensor locations.
Computation Time s (Se conds)

120
Percent Deviation

100
80
60
40
20

12000
10000
8000
6000
4000
2000
0
40

0
40

60

80
100
150
Candidate Sensor Locations

200

Figure 4. Gurobi and PSSH: Percent deviations.

60

80
100
150
Candidate Sensor Locations
Gurobi

200

PSSH

Figure 5. Gurobi and PSSH: Computation times.

Averages of the total energy spent by all sensors for varying candidate sensor locations are presented in
Figure 6. Total sensor energy used was greater for PSSH than for Gurobi for all instances. At first, this result
may seem contradictory. However, since networks found by PSSH lived longer than those found by Gurobi, it
is expected that more energy was spent by the sensors as well. Moreover, energy loads of the network sensors
found by PSSH were distributed more evenly than in the networks found by Gurobi. This implies that more
sensors were able to deplete their energies during the network lifetime in networks found by PSSH than in
networks found by Gurobi, which resulted in higher energy usage in the PSSH networks. The average residual
energies of the sensors at the end of the lifetime are given in Figure 7 in order to have a clearer sense of the
energy usage characteristics.
The average residual energies were lower for PSSH networks than Gurobi networks for all instances,
meaning that the energy load of the sensors was evenly distributed for PSSH networks.
5. Discussion and conclusions
In this study, a MILP is developed in which the cost of the sinks is taken into consideration. The formulation
also integrates four WSN design issues: sensor location, sensor activity scheduling, sink routing, and data
routing from sensors to the sinks. A heuristic solution procedure, PSSH, is developed. In each iteration of
PSSH, a limited formulation, in which the number of sinks and periods is set to small values, is solved for an
allowed computation time and the number of allowed sinks and periods are increased in nested loops until no
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Figure 6. Gurobi and PSSH: Total energy spent.
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Figure 7. Gurobi and PSSH: Average residual energies.

improvement is observed in the network lifetime. The solution procedure is accelerated by using the solution
found in the previous iteration as the starting point of the current iteration. Network lifetimes found by PSSH
are compared with those found by the commercial solver Gurobi for an extensive number of problem instances.
Consequently, it can be said that PSSH produces better networks and in less computation time than Gurobi.
This work can be extended in several ways. First of all, networks produced by PSSH can be tested with
WSN simulators like TOSSIM [30] and OMNeT++ [31]. By testing the networks with a simulator, it becomes
possible to assess the performance of PSSH for several WSN performance metrics other than the network lifetime,
such as congestion rate, message latency rate, and throughput rate. Moreover, verification or correction of the
parameter values used in the MILP formulation becomes possible after testing the networks with a simulator.
Finally, diﬀerent solution strategies can be developed and compared with PSSH. For instance, adapting the
pioneering LEACH algorithm of [29] to include activity schedule of the sensors and variable period lengths and
comparing the networks found by PSSH and LEACH adaptation would be interesting, whose undertaking is
planned as a future work.
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